Abstract
Introduction
As we all know, in many parts of world, soybeans are the main food crop for people. But in recent years, due to some factors such as natural disasters, soil erosion and fertilizer unreasonable lead to the occurrence of crop diseases. These diseases seriously affect soybean yield and quality in some aspects. The identification disease results of traditional expert system are always influenced by human factors and this will lead to an inaccurate diagnosis. Along with the development of machine vision technology and pattern recognition, these technologies can intelligently diagnose the diseases of crop, and accurately identify the types of diseases. Image segmentation is one of the key steps, and the precision of segmentation directly affects the reliability of feature extraction and the accuracy of pattern recognition. Recently years, many methods were proposed for segmentation of crop disease image. W.Shuwen and R.Yugang proposed a watershed algorithm [1, 2] on cucumber and crop leaves disease segmentation. L. Guanlin [3] proposed a segmentation method based on k-means hard clustering algorithm for color disease image segmentation of grape. Y.Yuan proposed a method based on level set for crop disease leaves image segmentation [4] . M. Hanping [5] put forward a method based on fuzzy c-means clustering to segment the cotton disease leaves. J. Zexuan proposes a natural image segmentation method based on unsupervised fuzzy C-means (USFCM) clustering algorithm [6] . Camargo [7, 8] submit a method to segment the crop disease leaves, he transform the RGB space to the HSV, I 1, I 2 and I 3 space, then extract H, I 3a , I 3b components respectively threshold segmentation for the three components. A. Meunkaewjinda [9] choose unsupervised optimal fuzzy C-means clustering (UOFCM) algorithm to segment grape leaf disease image. S. Arivazhagan proposed a color transformation structure for the input RGB image, and then the green pixels were masked and removed using specific threshold value followed by segmentation process [10] . However the environments of segmentation presented above are controlled in many aspects. For examples, they had no complex background and only single leaf was examined. Meanwhile, they cannot achieve a desirable result by applying those methods.
Saliency detection has appeared in 90s of the last century. The most representative method is proposed by Itti et al. [11] , who had built a computational model of saliency-based spatial attention derived from a biologically plausible architecture. They compute saliency maps for features of luminance, color, and orientation at different scales that aggregate and combine information about each location in an image and feed into a combined saliency map in a bottom-up manner. The saliency maps produced by Itti's have been used by other researchers for applications like adapting images on small devices and unsupervised object segmentation. Many scholars [12] [13] [14] in recent years proposed many improved methods to detect saliency regions based on Itti method. These methods can quickly find marked or interest objects from a large amount of image information, and effectively improved the efficiency of image processing. Therefore it has a wide range of applications in the image retrieval, image segmentation and sensitivity image recognition. Soybean disease images are made up of the disease region, healthy region and complex field background. The contrast of disease region and the other parts is larger, while there is little contrast ration between each other disease region. This work presents soybean leaf disease detection system by using color image with complex background. The innovation of this paper is that saliency regions detection was applied to divide and extract the soybean crop disease. Drawing on the idea of Itti method, we present a novel method to determine salient regions in images using low-level features of luminance and color. Then according to the K-means algorithm and combined experience threshold, salient regions can be extracted from soybean leaf disease images based on salient maps. Finally, it is necessary to correct the extraction diseases by using binary segmentation.
Principle of Itti Method
The main idea of Itti method was that the first input image was represented as nine levels Gaussian pyramid, wherein zero level represented the input image, from one to eight levels were formed by Gaussian filtering and sampling the input image. Then each level image was decomposed into brightness, color and direction and so on as a series of channels. A variety of visual features such as brightness, red, green, blue, yellow and direction were extracted from each level of the pyramid, then form luminance pyramid I
. Wherein,  represent nine different scales, its value is from 0 to 8.So this features were expressed as nine characteristic pyramids, they contain one intensity pyramid, four color pyramids (respectively red, green, blue and yellow) and four direction pyramids (namely four different directions). By fusion calculation of all the characteristics, we could obtain saliency maps which are corresponding to the input image. Figure 1 is a block diagram of the algorithm Itti.
Since Itti method kept using neighbor interpolation algorithm, resulting in reducing the resolution of the saliency maps. Therefore, it is difficult to segment image by directly using the saliency maps of Itti approach.
Figure1. Diagram of Itti Model

Soybean Leaf Disease Extraction Based on Salient Regions
Saliency Map of Soybean Disease Image
Compared with original Itti Method, we presented a new method to determine salient regions in images using low-level features of luminance and color in CIELab color space, combined with multi-scale analysis [15] by changing the size of each scale of the filter, and then generated the saliency map.
In our work, saliency is determined as the local contrast of an image region with respect to its neighborhood at various scales. This is evaluated as the distance between the average feature vectors of the pixels of an image sub-region with the average feature vector of the pixels of its neighborhood. This allows to obtain a combined feature map at a given scale by using feature vectors for each pixel, instead of combining separate saliency maps for scalar values of each feature. where N 1 and N 2 are the number of pixels in R 1 and R 2 respectively, and v is the vector of feature elements corresponding to a pixel. The distance D is a Euclidean distance. Since perceptual differences in CIELab color space are approximately Euclidian, D in Equation (1) is:
, ,  are the average vectors for regions 1 R and 2 R , respectively. Region 1 R is usually chosen to be one pixel, and if the image is noisy then 1 R can be a small region of N *N pixels. For an image of width w pixels and height h pixels, the width of region 2 R , namely B w is varied as:
assuming w to be smaller than h (else we choose h to decide the dimensions of 2 R ).So for each image, filtering was performed at three different scales (according to Eq. 3) and the final saliency map is determined as a sum of saliency values across the scales S: 
Diseases Segmentation Using Saliency Maps
The following describes how to extract a saliency area based on the saliency maps. The image was over-segmented by using a simple K-means algorithm. The K seeds for the Kmeans segmentation were automatically determined by using the hill-climbing algorithm [16] Since K-means algorithm clusters pixels were in the CIELab feature space, an 8-neighbor connected-components algorithm was run to connect pixels of each cluster spatially. Once the segmented regions 6 (2015) certain threshold T were retained, and while the rest are discarded. These results in an output contain only those segments that constitute the salient object.
Correction for the Diseases Extraction
Compared to Itti method and some methods on the basis of its improvement, above method can more quickly and accurately extract significant area. But it still exist a common problem, when the contrast of the salient regions and the surrounding area is not obvious, it will lead to misjudgment, resulting in a non-salient region was be preserved. Crop disease, as special objects, are required the ability to be more completely and accurately segmentation of disease region, and provide an excellent foundation for extracting characteristic parameters, identifying and diagnosing the diseased categories. Since the contrast of leaf vein parts and other parts is little, disease areas were extracted will contain some irrelevant parts, thereby it will affect the accuracy of disease segmentation. Inaccurate segmentation will affect the precise of the subsequent parameters. So it is needed to correct the disease area after extracted. The color of the disease area is very complex, and it is difficult to describe by any color in the RGB color space. LAB color space is a color mode of perceptual uniform, which image contains all of the color information in the AB two-dimensional space. This research combined twocolor space to correct salient regional. Firstly, threshold segmentation was applied to R component of RGB color space, then using morphology algorithm to fill hole of salient regions and remove the small size parts of some non-disease area. Through above processing, the picture only contains some lager healthy blade departments. Finally it is need to convert the initial RGB components towards to LAB color space, a complete disease region can be achieved by applying binary segmentation to a component of LAB color space.
Experiments and Results
Experiments were conducted in a mixture platform of Matlab7.0 and VC++. All the pictures of the experiments are from in Hefei academy. For segmentation, a window 3*3*3 was used for the hill-climbing search on a 16*16*16 bin CIELab histogram. The average saliency threshold T which was used for selecting segments was set at 25 (about 10% of the maximum possible average saliency in the normalized final saliency map). Figure 3 is 6 soybean leaf images with complex background of different degree, and the result images conducted by methods described in this research. It can be seen that the method based on salient region can be quickly and accurately enough to locate the area of diseases in complex farmland background. Figure 3 (c) is the result of disease segmentation by means of correcting the extracted disease area. Compared these two images, it is easy to find that veins and textures in the corrected figure were took out. Thus the accuracy of segmentation is high, and ensures the reliability of disease characteristic parameters extraction and accuracy of pattern recognition in the succeeding work. In order to highlight advantages of the described method in this research, Figure 4 shows the results of salient region segmentation of our method were compared to Mean Shift algorithm and unsupervised optimal fuzzy C-means clustering for the same soybean disease image. It can be seen that directly using Mean Shift algorithm will lead to the phenomenon of excessive number of categories, and unsupervised fuzzy optimal c-means clustering (UOFCM) cannot effectively overcome the effect on the segmentation results of the texture. Experimental results show that the proposed method can achieve a more favorable segmentation effects. As explained further in this research, this method is appropriate for dealing with segmentation crop disease images. In addition, it has also illustrated that the method based on salient region extraction has certain superiority in the field of crop disease image segmentation. 
Conclusions
We presented a novel method to extract crop disease region based on saliency detection, which is easy to implement and noise tolerant. In our experiments, we directly extracted the disease and removed the step of segmentation background, so that the complexity and difficulty of experiments were reduced. The experimental results show that the proposed method gives efficient soybean leaf disease extraction with complex background, and it produced better results than the other methods such as Mean shift and UOFCM.
